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Abstract Scaling of tropical precipitation extremes in response to warming is studied in aquaplanet
experiments using the global Weather Research and Forecasting (WRF) model. We show how the scaling
of precipitation extremes is highly sensitive to spatial and temporal averaging: while instantaneous grid
point extreme precipitation scales more strongly than the percentage increase (∼7%K−1) predicted by the
Clausius-Clapeyron (CC) relationship, extremes for zonally and temporally averaged precipitation follow
a slight sub-CC scaling, in agreement with results from Climate Model Intercomparison Project (CMIP)
models. The scaling depends crucially on the employed convection parameterization. This is particularly
true when grid point instantaneous extremes are considered. These results highlight how understanding
the response of precipitation extremes to warming requires consideration of dynamic changes in addition
to the thermodynamic response. Changes in grid-scale precipitation, unlike those in convective-scale
precipitation, scale linearly with the resolved ﬂow. Hence, dynamic changes include changes in both
large-scale and convective-scale motions.
1. Introduction
The surface and the atmospheric energy budgets strongly constrain the response of the global mean precip-
itation [Allen and Ingram, 2002; Held and Soden, 2006; Stephens and Ellis, 2008], causing it to scale less strongly
with temperature than the amount of water vapor in the atmosphere. Changes in extreme precipitation,
however, have been argued to be more directly linked to changes in the atmospheric water vapor content
[Pall et al., 2007]. To the extent that atmospheric relative humidity remains largely unchanged [O’Gorman and
Schneider, 2009a], this would imply a Clausius-Clapeyron (CC) scaling of precipitation extremeswith warming
[O’Gorman and Schneider, 2009a, 2009b; O’Gorman, 2012]. While this thermodynamic contribution to the
extreme precipitation response is robust and well understood, dynamic changes at both the large and the
convective scales also contribute to the extremes’ response, causing it to depart from CC scaling [Emori and
Brown, 2005].
Exactly how these dynamic changes shape the extreme precipitation response is a question that remains
open in the literature. This is particularly true in the tropics, where extremes are dominated by convective
events, unlike the middle latitudes, where extreme events are primarily associated with frontal activity and
midlatitude storms [Emori and Brown, 2005]. Indeed, global climate models (GCMs) show a larger uncertainty
in the extremes’ response to warming in the tropics than in the extratropics with little improvement from
Climate Model Intercomparison Project Phase 3 (CMIP3) [Kharin et al., 2007] to CMIP5 models [Kharin et al.,
2013]. Larger precipitation variability in tropical regions is also seen in long-term observational records, such
as the HadEX2 [O’Gorman, 2015].
To complicate matters, the scaling of tropical precipitation extremes with temperature depends strongly on
the temporal and spatial scales under consideration: while extremes for zonally (or temporally, such as daily)
averaged convection in global models have been shown to scale less rapidly than CC [Emori and Brown,
2005; O’Gorman and Schneider, 2009a], more localized convective extremes have been argued to scale at
a rate twice as large as CC in both regional models [Lenderink and van Meijgaard, 2010] and observations
[Lenderink et al., 2011]. Instantaneous point measurements scale even more strongly with temperature [Allan
et al., 2010; O’Gorman, 2015;Wasko et al., 2016]. Note that the amount of extreme precipitation (a measure of
zonally averaged convection) is the product of the precipitation intensity during an extreme event (ameasure
of instantaneous convection) and the frequency of these extreme events [Trenberth et al., 2003; Dai, 2006].
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A study of Intergovernmental Panel on Climate Change (IPCC) AR4 models for varying emission scenarios
shows that, in a warming climate, the precipitation intensity increases more rapidly than the precipitation
amount at the expense of precipitation frequency [Sun et al., 2007], a result consistent with theoretical con-
jectures by Trenberth et al. [2003]. It is therefore important to understand what dynamical factors inﬂuence
convection over diﬀerent scales, ranging from latent heat release leading to enhanced dynamical lifting in
individual clouds [Trenberthetal., 2003] to equatorialwaves inﬂuencing theorganizationof convective systems
[O’Gorman, 2015].
Given the complexity of moist convective processes and the intricacies of their representation in models,
modeled precipitation extremes exhibit diﬀerent sensitivities to warming in models with diﬀerent complexi-
ties and resolutions. For example, regionalmodel simulations over the Netherlands during summer show that
extremes scale at double the CC rate [Lenderink and vanMeijgaard, 2010], arguably indicative of the physics of
moist convection acting at small scales [Loriaux et al., 2013]. On the other hand,Muller et al. [2011] ﬁnd sub-CC
scaling in idealized Cloud ResolvingModel (CRM) simulations. Evenwith the samemodel, it is well known that
the simulation of deep convection and the associated precipitation depends on the model resolution and
the employed paramaterizations for boundary layers and shallow and deep convection. [Iorio et al., 2004;Dai,
2006; Randall et al., 2007; Del Genio et al., 2012].
In this study we explore the behavior of precipitation extremes in aquaplanet simulations using the global
Weather Research andForecasting (WRF)model. Ourmodel setupprovides several advantages that,we argue,
help provide insights into how precipitation extremes scale: ﬁrst, an aquaplanet conﬁguration allows us to
focus on the behavior of tropical convection over the ocean in the absence of land-ocean and orography-
convection interactions [Yang et al., 2014]; second, its computational simplicity in comparison to a full GCM
allows for more frequent output and smaller model time steps, hence allowing for a representation of indi-
vidual extreme events; ﬁnally, WRF has an inbuilt suite of a wide range (in terms of properties) of available
convection parameterizations (described in section 2). This allows for a study of the sensitivity of our results
to the convection scheme. A study of the sensitivity of the extremes to model resolution, such as those by
Li et al. [2011a, 2011b], is left for future work.
2. Methodology
Weperformsimulationsusing theglobalWRFmodel (ARW,Version3) [Skamarocketal., 2008] in an aquaplanet
setup [Hoskins et al., 1999]. The horizontal resolution is 1∘ × 1∘, and we use a stretched vertical mesh with 40
levels up to the top of the atmosphere. The experiments are similar to those of the AquaPlanet Intercompari-
sonProject (APE) archive [Medeirosetal., 2008;Williamson, 2012]. Theprescribed sea surface temperature (SST)
is held constant throughout the simulations and varies onlywith latitude (zonal symmetry). In the control (Ctr)
experiment, this prescribed SST is the same as experiment QOBS in the APE archive [Williamson, 2012], also
called experiment B inMedeiros et al. [2008]. In the warming experiments, the SST distribution is modiﬁed by
adding a uniform warming of +2, +4, +6, and +8 K. The prescribed insolation is held at its constant equinox
distribution; that is, there is no seasonal cycle.
We deﬁne precipitation extremes as high percentiles of the precipitation distribution, consistent with several
previous studies [Emori and Brown, 2005; O’Gorman and Schneider, 2009a; Lenderink and vanMeijgaard, 2010;
Lu et al., 2014]. These are intensity-based measures of extremes (“All-day percentile” in Schar et al. [2016]),
which are equivalent to frequency-based indices under certain conditions [Schar et al., 2016]. While other
indices, such as exceedance counts with respect to selected thresholdswith certain return periods, have been
used in the literature and argued to be preferable [Zwiers and Kharin, 1998; Frei et al., 2006]), their use here
is precluded by the limited duration of our simulations. Here we speciﬁcally focus on values above the 99th,
the 99.5th, and the 99.9th percentile values. Values over the xth percentile are calculated as the mean of the
topmost (1− x) values. After 6months of spin-up time, which has been shown to be adequate for aquaplanet
simulations similar to those performed here [Medeiros et al., 2008; Moebis and Stevens, 2012], we consider
6-hourly data for 28 days (month of February but note that there is no seasonal cycle). Hence, the size of our
data is 4× 28× 360× 180. Each data point represents precipitation of duration 200 s (model time step) over a
1∘ × 1∘ grid box. Sensitivity of the scalings reported below to the sampling method is discussed in the
supporting information.
To explore the sensitivity of our results to the choice of convection scheme,we employ three convection para-
meterizations: Tiedtke [Zhang et al., 2011], Betts Miller Janjic (BMJ) [Janjic´, 1994; Janjic, 2000], and simpliﬁed
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Figure 1. Distribution of 99th percentile precipitation with
latitude (each data point representing precipitation in 200 s
intervals over a simulated month) with the (a) Tiedtke,
(b) BMJ, and (c) GFS convection parameterizations.
Arakawa Schubert scheme in the Global Forecast
System (GFS) [Han and Pan, 2011]. These convec-
tion parameterizations are well documented for
WRF applications [Biswas et al., 2014; J. Dudhia
et al., Convective parameterization options in
WRF v3.4, 2012, www2.mmm.ucar.edu/wrf/users/
workshops/WS2012/ppts/lecture4.pdf] and seen
in our simulations to generate signiﬁcantly diﬀer-
ent partitioning of the total mean precipitation
into convective and grid-scale components, with
the convective component contributing ∼40%,
∼70%, and ∼90% of the total tropical precip-
itation for Tiedtke, BMJ, and GFS, respectively.
Consequently, the resulting convective heating
proﬁles in WRF are likewise diﬀerent [Biswas et al.,
2014; Dudhia et al., online report, 2012]. The total
heating, that is, the sum of convective and grid-
scale diabatic heating, balances the cooling by
large-scale lifting in the tropics, which remains
approximately invariant (in the mean) across con-
vection schemes (Dudhia et al., online report,
2012); this property is also noted in our simu-
lations (not shown here). Tiedtke favors bound-
ary layer clouds and disfavors deep convection
[Zhang et al., 2011], and consequently the convec-
tive heating proﬁle is bottom heavy. BMJ favors
shallow and midlevel clouds [Janjic, 2000], while
GFS exclusively favors deep clouds [Han and Pan,
2011]: as a consequence, these two schemes have
comparatively mid-heavy and top-heavy convec-
tive heating proﬁles, respectively. In these key
attributes, Tiedtke and GFS may be considered
end-members of the available convective param-
eterizations, with BMJ lying somewhere in the
middle. While Tiedtke and GFS are mass ﬂux-
based schemes that diﬀer mainly in their formu-
lation of the subgrid plume entrainment, BMJ is a
deep equilibrium scheme that adjusts a convec-
tively unstable model column to a moist adiabat
over a given time period.
3. Scaling of Extremes
We begin by analyzing the global distribution of
precipitation extremes from our simulations, as
well as their SST scalings. Figures 1a–1c show the
global distribution of 99th percentile precipitation values with the Tiedtke, BMJ, and GFS schemes, respec-
tively. This is computed as themean of top 1% precipitation values at each latitude. The choice of convection
scheme has a signiﬁcant impact not only on the magnitude of the precipitation extremes but also on its
response to increasing SST. In agreement with previous studies [Zhang et al., 2011; Biswas et al., 2014], we
ﬁnd that convection schemes that generate more deep convection have a tendency to generate less intense
mean precipitation in the tropics, due to reduced net radiative cooling of the atmosphere in the presence of
deep clouds (not shown). With Tiedtke, the extreme at the Intertropical Convergence Zone (ITCZ) (which is
also the global maximum of extreme precipitation) increases monotonically from ∼1mm for Ctr to ∼2.3mm
for +8 K. With a somewhat stronger deep convective activity, BMJ generates extremes of smaller magnitude
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Figure 2. Scaling of extremes of zonally averaged precipitation and instantaneous (over time step of 200 s) grid box precipitation over the tropics (30∘S to 30∘N)
with the (a, d) Tiedtke, (b, e) BMJ, and (c, f ) GFS convection parameterizations.
that increase monotonically from ∼0.6mm for Ctr to ∼1.8mm for +8 K. When GFS is used, we instead see a
nonmonotonic response of the extremes to the increased SST at the ITCZ, with the +6 K extreme magnitude
being smaller than the+4 K case. Over large SST increases precipitation extremes increase (from∼0.5mm for
Ctr to∼0.85mm for+8 K) but at a slower rate thanwith the Tiedtke or the BMJ scheme. In the extratropics the
extremes shift poleward for all the three convection schemes associated with a poleward shift of midlatitude
storm tracks [Lu et al., 2014]. Across all latitudes, the magnitude of extremes generated by GFS is approxi-
mately 45%of themagnitude generated by Tiedtke. This also holds true for themean precipitation generated
by the two schemes (not shown).
In the following we focus on the tropics, that is between 30∘S to 30∘N, where the rate at which extremes
increase remains themost uncertain. Tounderstandhow temporal and spatial scales of precipitationextremes
(and hence the associated convection) inﬂuence how they scale with SST, we compute extremes using
two methods. First, we compute the extreme of the zonal mean values similar to O’Gorman and Schneider
[2009a, 2009b]. That is, we average precipitation zonally at all latitudes and then compute the extreme for the
zonal averageswithin the tropics (for the 1month of data used to construct our statistics). Figures 2a–2c show
the relative increase of the mean and extremes with Tiedtke, BMJ, and GFS, respectively. The mean precipi-
tation scales at approximately 2%K−1 as has been noted elsewhere in the literature as a fairly robust feature
[Allenand Ingram, 2002;HeldandSoden, 2006;AllanandSoden, 2008;Allanetal., 2010]. The scaling of extremes
is similar and slightly sub-CC for all schemes. However, deviations from this slight sub-CC scaling are seen for
small SST intervals, especially at higher SSTs. If the data is daily (instead of zonally) averaged, we ﬁnd similar
scalingbehaviors for the extremes (not shown). As noted in previous studies [O’GormanandSchneider, 2009a],
extremes scale approximately with the surface speciﬁc humidity, at least for the smaller SST perturbations.
Overall, BMJ features the closest agreement to CC scaling across both SSTs and percentiles.
We next compute extremes by considering every model grid box individually (without averaging zonally).
These instantaneousextremesare arguablymore indicativeof theactual extremesas they represent the inten-
sity of individual extreme precipitation events. Thus (for the tropics), for each simulation the extremes are
calculated from precipitation events of 200 s duration over 4 × 28 × 360 × 60 data points. The instantaneous
extremes (Figures 2d–2f ) scale more strongly with SST than the spatially averaged extremes: the scaling is
super-CC with Tiedke and BMJ and approximately CC with GFS. These results suggest that dynamic changes
contribute signiﬁcantly to the scaling of subdaily precipitation extremes, possibly related to changes in static
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Figure 3. Contributions to extreme (99th percentile) precipitation (over a time step of 200 s) from the (a, c, e) grid-scale
and (b, d, f ) convective precipitation with the Tiedtke, BMJ, and GFS convection parameterizations, respectively.
stability [O’Gorman, 2015]. Not surprisingly, the response of the instantaneous precipitation extremes is also
more sensitive to the choice of convection scheme than the zonally averaged extremes. Progress in observa-
tional constraints is needed to gain a more realistic understanding of the actual tropical extremes and how
they relate to the grid point extremes calculated here [Allan et al., 2010; Lenderink et al., 2011;O’Gorman, 2012].
For example, a recent studybyWongandTeixeira [2016] shows that changes in lowerpercentiles of the satellite
measurements of cloud brightness temperatures (BTs) can be used to explore changes in extreme convection
in a warming climate.
4. Inﬂuence of the Convection Scheme on Extremes
The employed convection scheme plays a crucial role in the amount as well as the scaling of the modeled
extreme precipitation. To explore this role, we analyze the contribution to extremes by the convective and
grid-scale precipitation for each convection scheme. The grid-scale precipitation is generated by the micro-
physics schemeupongrid-scale saturation. This can result fromeither the resolved-scale transport ofmoisture
or fromdetrainment from subgrid convective plumes. The ratio of the grid-scale and convective contributions
to the total precipitation has been shown to depend on the employed grid size [Iorio et al., 2004]. With ﬁner
grid sizes, deep convection can be increasingly better resolved, with a greater fraction of precipitation occur-
ring at the grid scale. In the following, the grid-scale and the convective components are ﬁrst examined
globally, and then the scaling of these two components are analyzed in the tropics.
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Figure 4. Scaling of contributions to tropical extremes (30∘S to 30∘N) from the (a, c, e) grid-scale and (b, d, f ) convective
precipitation with the Tiedtke, BMJ, and GFS convection parameterizations, respectively. Scaling of the convective
contribution to the 99.9% is not shown since these data are too sparse to allow for meaningful interpretation.
Figures 3a and 3b, 3c and 3d, and 3e and 3f show the contributions of grid-scale and convective precipita-
tion to the extremes (99th percentile) with Tiedtke, BMJ, andGFS, respectively. Theweightedmean (weighted
by the fraction of events) of these two components is the total extreme precipitation (i.e., Figures 1a–1c,
respectively). In the tropics, the contribution of the grid-scale to the extreme precipitation outweighs the
convective component by a large margin with all three convection schemes. In the extratropics, both these
fractions are substantial. Given that convective processes are dominant in the tropics, these results might
seemcounterintuitive. However, asmentionedabove, since thegrid-scaleprecipitation also includesmoisture
that is detrained fromconvectiveplumes, the separationbetween schemesdoes not translate to adirect sepa-
ration between convective and grid-scale precipitation. In addition, the contribution to the total precipitation
by both schemes is sensitive to themodel resolution: with coarser resolutionmore of the precipitation should
be subgrid, that is, modeled by the convection scheme [Iorio et al., 2004; Randall et al., 2007]. This suggests
that for coarser resolution, the scaling of precipitation extremes would be similarly dependent on the details
of the convection scheme.
Figure 4 shows how the tropical grid scale and convective precipitation scale for the diﬀerent convection
schemes. With Tiedtke and BMJ, with increasing SSTs the grid-scale contribution increases much faster than
the rate of increase of the total extremeprecipitation. Correspondingly, the convective contributiondecreases
or remains roughly invariant with increasing temperature. With GFS, on the other hand, the convective frac-
tion scales more strongly than the total, which is compensated by the weaker-than-total scaling of the
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Figure 5. Anomalous (+8K−Ctr) logarithm of joint (resolved vertical velocity at 500hPa, W500-precipitation) histograms
for (a, c, e) grid-scale and (b, d, f ) convective precipitation with the Tiedtke, BMJ, and GFS convection parameterizations,
respectively.
grid-scale fraction. Overall, the grid-scale contribution to extreme precipitation behaves more consistently
(in terms of the magnitude of its scaling) than the convective contribution across the convection schemes.
This is consistent with the wide range of extreme total precipitation behavior for coarse resolution (∼2.5∘)
CMIP3 models [O’Gorman, 2012]. As mentioned above, arguably at such coarse resolutions, a larger fraction
of the total (and extreme) precipitation is dependent on the employed convection scheme.
The less robust behavior of the convective precipitation to warming implies that the widely used approach of
decomposing extremeprecipitation into a thermodynamic andadynamic contributionbasedon the resolved
vertical velocity at 500 hPa (W500) needs revision. One approach to do this decomposition is to use the Proba-
bilityDensity Function (PDF) of the resolved vertical velocity at 500hPa and the conditional distributionof rain
over regimes of vertical velocity [Emori and Brown, 2005]. Another approach makes use of deterministic scal-
ing laws that assume the change of extreme precipitation to be dependent on changes of column-integrated
water vapor (thermodynamic component) and resolved vertical velocity (dynamic component) [O’Gorman
and Schneider, 2009a; Lu et al., 2014]. This approach relies on the assumption that the mean tropical cloud
properties (and hence mean precipitation) depend on the large-scale ascent of moisture [Bony et al., 2004].
Extreme precipitation, however, results from individual convective events that are not resolved by models
[O’Gorman, 2015]. Therefore, scaling of the precipitation extremes should depend on the subgrid vertical
velocities in addition to the resolved vertical velocity [Loriaux et al., 2013].
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To investigate the relationship between the resolved ﬂow and the generated precipitation, we evaluate their
joint distributions. For each of the precipitation components (i.e., grid scale and convective) we generate the
logarithm of their joint histogram and show their diﬀerence between the control and thewarmest simulation
(+8 K, Figure 5) with Tiedtke, BMJ, and GFS. For the grid-scale component, there exists a linear relationship
between anomalous (+8 K-Ctr) precipitation and vertical velocitywith all convection schemes. In otherwords,
extreme values of precipitation are strongly correlated with extreme values of resolved vertical velocity.
However, the same relationship for the convective component is highly nonlinear and strongly dependent
on the convection scheme used. Interestingly, we note that in the scheme in which convective activity is the
weakest, i.e., Tiedtke, resolved-scale motions are stronger in the +8 K than in the Ctr case, as evident in the
joint distributions for both the grid-scale and the convective precipitation, where the +8 K data points lie to
the right of the Ctr data points (that is, the anomalies lie to the right of the one-to-one line). For the BMJ
case, this trend is greatly weakened.With GFS, the strongest convection scheme considered here, the polarity
is reversed, with the +8 K case exhibiting weaker overall resolved-scale motions than the Ctr case. A similar
behavior is also seen for smaller warming (as discussed in the supporting informatiom).
5. Conclusions
Simpliﬁed global aquaplanet simulations using the Weather Research and Forecasting (WRF) model are
performed to explore tropical precipitation extremesmeasured across various scales and for signiﬁcantly dif-
ferent convectionparameterizations.While extremesof zonal averages scale slightly sub-CC, extremes for grid
point values increase faster than CC. The slight sub-CC scaling has been noted in previous analysis of global
model data (which has often been an analysis of extremes for spatiotemporal-averaged data), while super-CC
scaling has been reported in more localized measurements and in regional simulations. The availability of
diﬀerent convection parameterizations in WRF allows for an exploration of the sensitivity of these results
to the employed convection parameterizations. It is found that the precise scaling, especially of the instan-
taneous extremes, depends strongly on the employed convection parameterization speciﬁcally in the way
the parameterization generates shallow/deep clouds and, hence, diﬀering heating proﬁles. Upon exploring
the convective and the grid-scale components of the instantaneous extremes (the sum of whose weighted
mean giving the total instantaneous extreme), we ﬁnd that the grid-scale component scales positively with
SST across all schemes, albeit with diﬀerent magnitude. The convective component, however, shows both
positive and negative scaling, depending on the speciﬁc scheme. This signiﬁcant sensitivity to the convec-
tion schememight explain the large spread seen in the scalings of extremes from coarse-gridmodels, such as
those from the CMIP3 archive [O’Gorman, 2012]. It remains to be understood how model resolution impacts
the sensitivity to the employed convection scheme reported here. This is left for future work.
A decomposition of the total tropical precipitation into its grid-scale and convective components shows how
the convective precipitation does not scale linearly with the resolved vertical velocity, as SST warms. This
important ﬁnding suggests that theories for the scaling of tropical extreme precipitation need to consider
changes not only in the resolved, large-scale vertical motion but also in convective-scale motions and how
these might be sensitive to spatial and temporal averaging. Future work will explore these open questions
and how thesemight lead to the development of convective parameterizations thatmodel not just themean
and the variance of moisture in the tropics [Bechtold et al., 2001] but also its extremes. In the absence of land,
aquaplanets lack certain physical attributes of the real climate systemandhence cannot represent their role in
determining precipitation extremes. These attributes include the role of adiabatic lifting in thewindward side
of mountain ranges [Siler and Roe, 2014; Shi and Durran, 2015; O’Gorman, 2015] and the spatiotemporal tran-
sitions from cumulus to stratiform regimes at land-ocean boundaries [Medeiros et al., 2008; Haerter and Berg,
2009; Lenderink and vanMeijgaard, 2010]. However, given thatmost of the Earth’s precipitation falls over trop-
ical oceans, the results discussed here do have generality and provide important insight into the behavior of
precipitation extremes. Analyses similar to the ones presented here will be applied tomore realisticmodeling
experiments.
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